The objective of this study is the classification of urban climate zones (UCZs) based on spatial statistical approaches to provide key information for the establishment of thermal environments to improve urban planning. To achieve this, using data from 246 automatic weather stations (AWSs), air temperature maps in the summer of the study area were prepared applying universal kriging interpolation analysis. In addition, 22 preliminary variables to classify UCZs were prepared by a 100 m × 100 m grid. Next, six influential urban spatial variables to classify UCZs were finalized using spatial regression analysis between air temperature and preliminary variables. Finally, the UCZs of the study area were delineated by applying K-mean clustering analysis, and each spatial characteristic of the UCZs was identified. The results found that the accuracy of the air temperature of the study area ranged from ±0.184 • C to ±0.824 • C with a mean 0.501 root mean square predict error (RMSPE). Elevation, normalized difference vegetation index (NDVI), commercial area, average height of buildings, terrain roughness class, building height to road width (H/W) ratio, distance from subway stations, and distance from water spaces were identified as finalized variables to classify UCZs. Finally, a total of 8 types of UCZs were identified and each zone showed a different urban spatial pattern and air temperature range. Based on the spatial statistical analysis results, this study delineated clearer UCZs boundaries by applying influential urban spatial elements that resulted from previous classification studies of UCZs mainly based on pre-determined spatial variables. The methods presented in this study can be effectively applied to other cities to establish urban heat island counter measures that have similar weather observation conditions.
Introduction
The urban heat island (UHI) phenomenon has been recognized as a negative side effect of rapid urbanization. The main causes of the urban heat island phenomenon include trapping of short and long wave radiation between buildings, decreasing of long-wave radiative heat losses due to building construction, increasing storage of sensible heat in the construction materials of buildings and structures, anthropogenic heat released from human activities, and reduction of evapotranspiration potential [1, 2] . Various attempts have been made to mitigate UHI through urban planning and design. In order to achieve effective urban heat island mitigation, it is necessary to understand and apply urban climatic information in urban planning [3] . boundaries in the study area were delineated by K-mean clustering analysis. In addition, the spatial characteristics of each UCZ were investigated. A case study was conducted for Seoul, the capital of South Korea. Seoul is one of the densest cities in the world in which 21.5% (about 11 million inhabitants) of the country's total population reside. Seoul is also a representative heat island city that has diverse spatial characteristics including land cover, land use, building form, etc. In the case of South Korea, weather information was investigated by 26 AWSs (automatic weather stations), which are operated by the Korea Meteorological Administration (KMA), and the average distance of each weather station is approximately 3 km in the study area. It is very difficult to classify UCZs of metropolitan cities using such a resolution. Therefore, additional weather data collected by 220 AWSs of a Korean private company (SK Weather Planet) were integrated into the analysis in this study ( Figure 2 ). Among the 246 weather stations, 26 of the AWSs were used to verify the air temperature analysis results. Eventually, 220 of the AWSs were actually used to prepare the air temperature map. A case study was conducted for Seoul, the capital of South Korea. Seoul is one of the densest cities in the world in which 21.5% (about 11 million inhabitants) of the country's total population reside. Seoul is also a representative heat island city that has diverse spatial characteristics including land cover, land use, building form, etc. In the case of South Korea, weather information was investigated by 26 AWSs (automatic weather stations), which are operated by the Korea Meteorological Administration (KMA), and the average distance of each weather station is approximately 3 km in the study area. It is very difficult to classify UCZs of metropolitan cities using such a resolution. Therefore, additional weather data collected by 220 AWSs of a Korean private company (SK Weather Planet) were integrated into the analysis in this study (Figure 2 ). Among the 246 weather stations, 26 of the AWSs were used to verify the air temperature analysis results. Eventually, 220 of the AWSs were actually used to prepare the air temperature map. A case study was conducted for Seoul, the capital of South Korea. Seoul is one of the densest cities in the world in which 21.5% (about 11 million inhabitants) of the country's total population reside. Seoul is also a representative heat island city that has diverse spatial characteristics including land cover, land use, building form, etc. In the case of South Korea, weather information was investigated by 26 AWSs (automatic weather stations), which are operated by the Korea Meteorological Administration (KMA), and the average distance of each weather station is approximately 3 km in the study area. It is very difficult to classify UCZs of metropolitan cities using such a resolution. Therefore, additional weather data collected by 220 AWSs of a Korean private company (SK Weather Planet) were integrated into the analysis in this study (Figure 2 ). Among the 246 weather stations, 26 of the AWSs were used to verify the air temperature analysis results. Eventually, 220 of the AWSs were actually used to prepare the air temperature map. 
Analysis of Air Temperature
Urban heat island intensity has commonly been defined as the temperature difference between urban and rural places [14] . In a metropolitan city, the air temperature based UHI is reported to be high and positive during nighttime (2-3 h after sunset) for cloudless days and light winds [15, 16] . Considering such characteristics of an urban heat island, analysis time points were selected to classify UCZs. In order to take into account the climate characteristics, three days per month in summer (from June to August) with the lowest cloudiness and the lowest wind speed were investigated. Subsequently, considering sunset times and weather conditions (under a cloudless sky and gentle breeze wind speed), 10:00 p.m. and 11:00 p.m. of 9 days in each summer in 2015 and 2016 were chosen for statistical analyses ( Table 1) . Meanwhile, the average spacing of the AWSs in the case study area is 1087 m, which is much shorter than other metropolises. To analyze the air temperature, statistical interpolation methods are commonly used to prepare temperature maps using point-based measurements. IDW (Inverse Distance Weighting) of Shepard [17] , Kriging [18] , and Spline [19] are representative statistical interpolation methods. However, although the average spacing of the AWSs is much shorter than in other cities, these methods still have limitations in that they do not effectively reflect the heterogeneity of urban spatial characteristics that include the influence of land cover and elevation on temperature. Therefore, in this study, the universal kriging interpolation method based on the GPR (Gaussian process regression) model was applied in order to consider variables such as altitude, distance to coast or river, and water space area ratio besides the distance between measurement points. The universal kriging, an unbiased linear estimator with minimum estimation variance properties, was used based upon the theory of regionalized variables [20] . The GPR model is generally constructed as follows: where F is the designed matrix, B is the regression coefficient, Z(X) is the Gaussian stochastic process, which shows an average of 0, and σ 2 Z R(X) the variance-covariance matrix, and e is the normal distributed observational error that shows an average of 0 and σ 2 e variance. Based on the GPR model, additional explanatory variables were inputted in the universal kriging interpolation method and the equation is as follows:
The Z(X) is determined by latitude and longitude coordinates. To determine the appropriate interpolation methods, data from 220 AWSs were interpolated using universal kriging interpolation methods and they were compared with data from 26 AWSs. The results found that the root mean square predict error (RMSPE) by the universal kriging interpolation method ranged from ±0.184 • C to ±0.824 • C with a mean 0.501 • C. Among the 36 analysis time points, 10 time points that showed the relatively low RMSPE (less than 0.45) were selected to delineated air temperature (Table 2 ). Thus, 10 air temperature maps of 2 and 3 h after sunset were prepared, and finally, an average air temperature map was calculated from these maps. Table 2 . Ten time points to prepare air temperature analysis (RMSPE < 0.45). 
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Selection of Preliminary Variables
Adopting the research of Lee and Oh [3] , this study classified urban spatial elements into 6 categories including topology, land use, land cover, building characteristics, human activity, and locational characteristics. The number of total preliminary variables was 22 (Table 3) . Meanwhile, determining spatial resolution was important in order to identify influential variables and delineate UCZs boundaries. Considering the research of Houet and Pigeon [9] and Lee and Oh [3] , this study prepared preliminary variables to classify UCZs using a 100 m grid resolution. Table 3 . The preliminary variables for the air temperature predicting model (adopted from Lee and Oh [3] ).
Categories
Variables ( 
Identification of Influential Urban Spatial Elements to Classify UCZs
To select independent variables for an air temperature prediction model, correlation analysis was conducted to investigate the interrelationship between preliminary variables and air temperature. The potential multi-collinearity among the preliminary variables were also identified. Based on correlation analysis, ordinary least squares (OLS) regression analysis was applied. In order to reduce the heteroscedastic effect of wide ranging preliminary variables, the logarithm of the dependent variable, Ln (air temperature), was used. A step-wise regression analysis method (forward selection approach) was applied to find influential variables that would affect air temperature. Since the air temperature map was delineated by the interpolation method, the spatial lag model (SLM) was next estimated to control the effects of air temperature in neighboring grids.
UCZ Classification
Using the influential urban spatial elements identified, the UCZs of the study area were classified by mean clustering analysis. Since this study had a large number of samples (N: 52,961), K-mean clustering analysis was applied due to its efficacy of ascertaining clusters within large quantities of data [21] . For the K-mean clustering analysis, the Z-scores of the influential variables identified by regression analysis were calculated. The calculated Z-scores were inputted as parameters for cluster analysis, and iterative calculations were performed until the adjustment of the centroids of the clusters did not occur after setting the centroids of the initial clusters.
On the other hand, one of the most important points in applying K-mean cluster analysis is determining K (the appropriate number of clusters). Oke [5] classified UCZs as 7 categories, and in the case of Ellefsen [8] UTZs (urban terrain zones) were classified as 9 categories. Considering such previous studies, the preliminary number of classes for K-mean clustering analysis (K) was determined from 6 to 12 (total 7 cases), and the appropriate number of K was chosen by sensitivity analysis using the ANOVA test. Thus, in the ANOVA test, the dependent variables were Ln (air temperature), and factorial variables were the cases of clusters. The F values of 7 ANOVA tests were investigated to determine whether the distribution of Ln (air temperature) in each cluster were statistically significant. A case with the highest F value among the 7 cases was chosen as the final K to classify the UCZs. Then, characteristics of each UCZ were determined based on the chosen K-mean clustering analysis results. Finally, the UCZs maps were prepared to explain the actual air temperature phenomenon. Figure 3 presents air temperature maps of the study area. Air temperatures ranged from 24.14 • C to 30.46 • C with an average value of 27.23 • C. The maximum temperature differences were analyzed and found to be more than 6.32 • C. This confirmed that the urban heat island phenomenon was relatively severe in the study area. Table 4 shows the correlation analysis results of air temperature and urban spatial elements. The most positively correlated variable was the impervious surface area ratio, whereas the elevation showed the most negative correlation. In order to create a model to predict air temperature, variables that had strong correlations were inputted for step-wise regression analysis. In order to create a model to predict air temperature, the variables that had strong correlations were inputted for the step-wise regression analysis using the statistical software (SPSS 21). The estimated model showed 0.603 of R 2 and eight variables were found to be significant at the 99% level and had signs consistent with the results of the correlation analysis. In addition, due to the multi-collinearity diagnosis, all VIFs of the dependent variables were found to be less than three, and it was confirmed that there was no multi-collinearity problem in the models. Figure 3 presents air temperature maps of the study area. Air temperatures ranged from 24.14 °C to 30.46 °C with an average value of 27.23 °C. The maximum temperature differences were analyzed and found to be more than 6.32 °C. This confirmed that the urban heat island phenomenon was relatively severe in the study area. Table 4 shows the correlation analysis results of air temperature and urban spatial elements. The most positively correlated variable was the impervious surface area ratio, whereas the elevation showed the most negative correlation. In order to create a model to predict air temperature, variables that had strong correlations were inputted for step-wise regression analysis. In order to create a model to predict air temperature, the variables that had strong correlations were inputted for the step-wise regression analysis using the statistical software (SPSS 21). The estimated model showed 0.603 of R 2 and eight variables were found to be significant at the 99% level and had signs consistent with the results of the correlation analysis. In addition, due to the multi-collinearity diagnosis, all VIFs of the dependent variables were found to be less than three, and it was confirmed that there was no multi-collinearity problem in the models.
Results
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However, as a result of the Lagrange multiplier diagnostics for spatial dependence, it was found that the OLS error terms were spatially auto-correlated. In order to reduce this spatial auto correlation, SLM was next estimated to control the effects of air temperature in neighboring grids. The results showed that R 2 of SLM increased to 0.828, and coefficients of the independent variables had the same signs as in the OLS models. In addition, eight variables were all significant at the 1% level. Therefore, eight variables, including elevation, NDVI, commercial area, average height of buildings, terrain roughness class, H/W ratio, distance from subway stations, and distance from water spaces were included as significant variables to classify UCZs (Table 5 ). However, as a result of the Lagrange multiplier diagnostics for spatial dependence, it was found that the OLS error terms were spatially auto-correlated. In order to reduce this spatial auto correlation, SLM was next estimated to control the effects of air temperature in neighboring grids. The results showed that R 2 of SLM increased to 0.828, and coefficients of the independent variables had the same signs as in the OLS models. In addition, eight variables were all significant at the 1% level. Therefore, eight variables, including elevation, NDVI, commercial area, average height of buildings, terrain roughness class, H/W ratio, distance from subway stations, and distance from water spaces were included as significant variables to classify UCZs (Table 5) . 
The Results of UCZ Classification
The seven cases of ANOVA test results showed that each clustered result was in a statistically different group. In the case of the variations of F values, it was confirmed that the F values were the highest when the number of cluster (K) was eight. In addition, when the number of clusters was larger than nine, it was found that the F values decreased (Appendix A). Based on the results of this sensitivity analysis, this study found that the appropriate number of clusters for UCZs was eight. Based on the selected clustering analysis results (Table 6 and Figure 4 ), UCZs could be classified into mountainous areas (cluster 1), hilly areas and urban forest (cluster 4), high-rise built up areas with very a high H/W ratio (cluster 3), mid-rise built up areas with a high H/W ratio (cluster 5), mid-rise built up areas without green spaces (cluster 6), high-rise built up areas with a high H/W ratio (cluster 2), high-rise built up areas with various building heights (cluster 7), and commercial areas without green spaces ( Figure 5 ). As a result, the classification of UCZs in this study showed similar spatial patterns with the air temperature analysis results. 
Discussion and Conclusions
Through a series of statistical analyses, this study identified more detailed and clearer UCZ boundaries (100 m × 100 m) and explained statistically significant urban spatial characteristics to understand urban climate phenomena. Through spatial regression analyses, influential urban spatial elements causing air temperature increases and their effects were concretely investigated. In addition, the potential areas where urban heat islands occur were delineated using UCZ maps.
The UCZ classification based on spatial statistical analyses conducted in this study has usefulness as follows: First, this study produced an air temperature map that shows relatively high 
The UCZ classification based on spatial statistical analyses conducted in this study has usefulness as follows: First, this study produced an air temperature map that shows relatively high accuracy using an interpolation method. Due to a lack of observation data, the conventional interpolation method to delineate urban air temperature was robust. As a result, it was difficult to analyze the relationship between air temperature and urban spatial characteristics. In fact, most of the previous studies used land surface temperature data in identifying the effects of urban spatial characteristics. By applying a number of AWS data, this study overcame such a limitation, and the actual sensed effects on air temperature were investigated. In addition, using a number of AWS data, applying the universal kriging interpolation method, which considers the effects of elevation and water space, more accurate air temperature maps (RMSPE: from ±0.184 • C to ±0.824 • C) were delineated. Such an air temperature analysis method will enhance the efficiency and accuracy of investigating climate phenomena. Since some interpolated results showed a relatively high RMSPE, there is some need for improvement of the universal kriging interpolation methods presented in this study of 100 m spatial resolution at AWS spacing of 1087 m. In order to reflect the heterogeneity of urban spaces, the spacing of AWSs still should be shortened. Recently, with advances and the dissemination of more economic smart sensing technologies, more AWSs are being installed. If such data is accumulated and obtained, accuracy and precision by universal kriging methods are expected to be further improved.
Second, by applying spatial regression analysis, influential variables that affect air temperature were identified, and their effects on air temperature were investigated. Thus, this study suggested integrated information on climate characteristics and related urban spatial elements. The outcomes of this study can provide urban planners with practical information to improve the urban thermal environment. Moreover, the results of this study will enable urban planners to determine what kind of mitigation alternatives should be employed to reduce urban heat islands.
Finally, statistical analyses allowed more concrete and accurate delineation of UCZ boundaries than previous studies regarding UCZ classification based on pre-determined urban spatial variables. Since urban spatial variables that affect air temperature can vary city by city, the usage of fixed spatial variables can cause inaccurate UCZ classifications. By considering that the distribution of influential variables has an effect on air temperature, more detailed UCZs boundaries were delineated, and the spatial characteristics of each UCZ were investigated. Through the entire process, potential urban heat islands areas and the causes of their occurrence were identified. Such results will enable urban planners to determine which areas should be preferentially managed to enhance the thermal environment.
The methods based on statistical approaches presented in this study can be effectively applied to other cities that have similar weather observation conditions. If more urban spatial characteristics, including slope, vegetation, and soil are known, more accurate air temperature analysis will be possible. Furthermore, if other spatial regression models are applied, a more concrete relationship between air temperature and urban spatial characteristics will be understood. Furthermore, if other climate factors, including wind speed and relative humidity, are considered in the classification of UCZs, more accurate and useful information can be provided for developing UHI mitigation measures in urban planning and design processes. 
